Comparing the mortality characteristics of different cohorts is an essential process in the life insurance industry. Pseudodisease, lead-time bias, and length bias, which are critical to determining the value of cancer screening, have close analogues in life insurance company management, including the temporal impact of underwriting. Ratios of all-cause mortality rates for cancer cohorts relative to standard population mortality rates can provide insights into early stage and late stage mortality differences, differences by age, sex, race, and histology, and allow modeling of biases associated with early stage detection or screening protocols. The Surveillance, Epidemiology and End Results (SEER) data set has characteristics that allow efficient application of actuarial techniques. We show the mortality burden associated with treated early stage lung cancer and that identifying all lung cancers at early stage could reduce US lung cancer deaths by over 70,000 per year. (Population Health Management 2010;13:33-46) 
Introduction

L
ung cancer is the most lethal cancer in our society, causing more deaths than breast cancer, colon cancer, pancreas cancer, and prostate cancer combined, with 161,840 lung cancer deaths projected in 2008. 1 With the current management approach, most new cases of lung cancer have already spread beyond the lung at the time of initial diagnosis. Available therapies are rarely curative in that setting. Recently, there has been considerable interest in using spiral computed tomography (CT) to detect early stage lung cancer, and a large observational trial reported that over 80% of the detected cases were stage I. 2 In a comprehensive analysis of lung cancer staging, the stage and primary tumor size at initial diagnosis have important prognostic importance, 3, 4 with smaller primary cancers having much better outcomes than larger primary cancers. However, there is considerable discussion about the ultimate value of lung cancer screening. [5] [6] [7] [8] A rigorous modeling analysis of 6 lung cancer screening trials published prior to 2002 was recently reported. A prediction from the model found that an annual screening program would result in a 23% (relative risk: 0.77, 95% confidence interval [CI] : 0.43-0.98) mortality improvement. This paper reported median sensitivity of the 6 trials to be 97%. 6 Modeling approaches for determining the benefits of cancer screening are still a work in progress, as evidenced by the continuing debate over some mammography results. 7, 8 From a public health perspective, advancing the diagnosis of asymptomatic lung cancer intuitively seems attractive but, clearly, there are costs associated with any screening benefit. To inform the dialogue about potential benefits of lung cancer screening, it is useful to employ tools developed to characterize risk profiles from other health care sectors and business sectors. In this report, we demonstrate how the well-established tool of actuarial analysis can identify mortality distinctions that could be applied in the course of early detection research to elucidate the potential benefit associated with success with lung cancer screening.
Methods
Primary data source
A primary end point of this research is comparing mortality rates of treated lung cancers diagnosed at early and late stages. The Surveillance, Epidemiology, and End Results (SEER) 9 database contains treatment, histology, stage, demographic, and survival information for hundreds of thousands of patients treated at 17 cancer registries. Many characteristics of the SEER case listings-seriatim records (individual patients), large sample size, patient survival in months, clinical details, and demographic parameters-support using actuarial techniques on the database.
For this study, we selected patients from SEER with dates of first diagnosis between 1988 and 2003 who had welldefined histology and stage, and clear indications of treatment (chemotherapy and=or surgery). We used monthly survival data through December 2004. We constructed age-, sex-, race-, and calendar-year-specific vectors of annual standard population mortality rates specific to each selected SEER patient. This process allowed us to construct actual to expected mortality ratios 10 for subcohorts of stage, age, sex, race, and histology.
The SEER public use data set contains 620,640 lung cancer tumor records with unique patient identifier-tumor sequence number combinations. We used the SEER assignments of the American Joint Committee on Cancer (AJCC) 3rd edition 11 staging system, which is captured in SEER cases diagnosed in the period of [1988] [1989] [1990] [1991] [1992] [1993] [1994] [1995] [1996] [1997] [1998] [1999] [2000] [2001] [2002] [2003] , and used only records with diagnosis dates during this period. This criterion deleted 211,734 records. We removed an additional 51,098 records for which the AJCC stages were not clearly coded (eg, N=A).
To categorize stages IA, IB, IIA, and IIB, we applied the TNM Classification of Malignant Tumors criteria for staging by tumor size, which assigns stage B to primary tumors over 3 cm in width, and A otherwise. 12 We eliminated 13,372 patients for whom tumor size for stage I and II lung cancers were not available.
Because comparing mortality among treated patients is a primary end point, we removed 99,251 cases without clear evidence of surgery or radiation. We found 3437 lung cancer tumor records that were diagnosed after a primary lung tumor, but classified patient stage and date of diagnosis according to the primary lung cancer tumor. If a patient had both lung and a different kind of cancer, we included them even if the other cancer had been diagnosed first. We deleted 9 additional records with other unusable fields.
This process yielded 241,739 primary tumor records. Each record identifies a primary tumor and a unique patient. Table 1 shows sample sizes by age, sex, race, histologic type, and stage at diagnosis. The number of patients indicates the number of records, and life-year exposures indicate the number of exposures each cohort received in our database for actuarial tabulation purposes. This is the number of patients multiplied by the number of years each survived within SEER.
Reference mortality sources
Actuarial methodology often uses reference tables for mortality and other purposes. For this study, we used Centers for Disease Control and Prevention (CDC)-generated allcause mortality tables for the US population. 13 In order to match important demographic characteristics, we used distinct tables by sex and race from 1988 through 2004. Racespecific mortality was developed by applying race-specific mortality information reported by the CDC in 5-year age bands.
14 Because population mortality rates have been declining sharply in recent years, we used tables that varied by year of diagnosis. We applied actuarial smoothing techniques to death rates above age 85, because the smaller population size at older ages produces random fluctuations in mortality rates. Consequently, for ages 86-100, we calculated the reference mortality rates from a regression model using actual experience at age 85 and a minimized least squares linear model of the actual mortality rates through age 100.
For the purposes of comparing lung cancer mortality rates to both smoker and general population (including smokers) mortality rates, we developed a smoker ''load'' to apply to the reference mortality rates. We did this by applying published estimates of the additional mortality of smokers and the historical portion of people who were or are smokers to the reference mortality rates. 15 Although the lack of smoker mortality tables has been mentioned in the literature, 16 life insurance companies have applied smoker loads to mortality tables to produce premium rates for smokers since 1964. 17, 18 While our method does not capture important factors such as the extent of smoking and thus cannot be used beyond aggregate analysis, our method produces loads consistent with life insurance practice.
Study design
We assigned reference mortality rates to each selected SEER subject. Reference mortality rates are standard population mortality rates appropriate for the subject's age, sex, and race. Months of survival in the SEER data were tabulated as months of exposure (the number of months the patient was tracked) in the SEER database. The number of reference deaths was determined by multiplying the exposure and the appropriate standard mortality rate for each year (or in actuarial terms, for each duration). The reference mortality rate for each patient was produced by dividing the number of reference deaths by the exposure for each subject for each year. Actual mortality rates for various subgroups of SEER subjects were calculated in the usual way as the number of deaths divided by the exposure. 19 The quotient of 2 mortality rates-actual and referenceproduces a mortality ratio. Each mortality rate is equal to the number of deaths divided by the number of exposures, where the exposure base is the same for both rates. Each patient's contribution to the exposures behind the actual mortality rates equals the number of months the patient was tracked and survived in the database, through December 2004.
Results and Analysis
Simple all-cause mortality differences Table 2 shows the calculated mortality ratios for several demographic and histologic groupings, along with corresponding 90% CIs. Treated early stage lung cancer has a dramatically lower mortality than treated late stage lung cancer. For all histologies, the all-cause mortality for the early stage cohort is about 20% of the late stage cohort, after adjusting for age, sex, and race. Many of the results are expected, such as the higher mortality ratios for small cell lung cancers, along with the low portion (approximately 10%) of cases that are small cell lung cancers. However, some of the results offer new information. For example, the higher mortality ratios for females reflect their lower reference mortality rates (which are the denominator of the mortality ratio) and means the mortality burden of females with lung cancer relative to the population female mortality is higher than the corresponding figures for males. Figure 1 shows 1-year all-cause mortality rates for years 1 through 10 after diagnosis of lung cancer. The diagnosis date is the beginning of year 1. While the mortality rates for treated early stage lung cancer cohorts are dramatically lower than 34 GOLDBERG ET AL.
those for treated later stage lung cancer, Figure 1 does not account for underlying differences in important factors, such as the age differences of the cohorts, and the Figure 1 rates include the contribution of higher mortality from small cell lung cancer shown in Table 2 . However, Figure 1 provides interesting information, such as the dramatic range in mortality rates and the ultimate decrease and convergence of mortality rates among the survivors after 6 to 8 years. Figure 2 shows, for selected cancer stages, the Figure 1 information by race. While blacks experience higher mortality rates in aggregate, stage is the primary determinant as early stage is associated with much lower mortality rates. We note that the higher mortality for small cell lung cancer is included in the Figure 2 mortality rates. Mortality rates for long-term survivors converge about 8 years after diagnosis. *This table shows differences in patient distribution by race, sex, age group, and histologic type. Patient counts are the number of records in SEER, and life years are the patient counts multiplied by the average number of years they were alive and tracked in the database. **Life years are the combined impact of the number of patients and their years of survival. For example, although survival for stage IV is much lower than for stage IB, the life years are similar, because many more subjects are identified at stage IV than stage IB. SEER, Surveillance, Epidemiology and End Results. *These mortality loads are all-cause mortality rates divided by reference population mortality rates with corresponding demographics. To the right of each load is its corresponding 90% confidence interval.
Though there are race-related mortality differences, stage at diagnosis is more important than race. Figure 2 does not address any racial disparities caused by diagnosis at a later stage. The supplemental material includes similar figures by age group, sex, and histologic type, which all point to the higher relative importance of stage compared to these other factors. Figure 3 shows the reference mortality rates for the SEER cohorts by stage at diagnosis. The mortality rate shown each year reflects the reference mortality rates of the remaining survivors. We show the aggregate annual reference (population) mortality for each cohort, using each individual's age, sex, and race instead of the high mortality rates they actually experienced. Viewed this way, the differences in reference mortality among the stage cohorts are much smaller than the actual differences in Figure 1 . This suggests that the cancer stage is the primary driver of the observed mortality rate differences-not differences in cohorts' age, sex, or race. The range of annual mortality rates (between 2% and 5%) is much lower than the mortality rate range shown in Figure 1 . The higher reference mortality rates for stages IA and IB suggest older ages or a higher portion of males than the other stages. The initial decrease from year 1 to year 2 for stages IIIA, IIIB, and IV suggests that older patients or a higher portion of males died in the year of diagnosis. The relatively low reference mortality rate for the stage IV cohort suggests that these cancers, and especially their survivors, are younger or have more females than the other cohorts. Figure 4 shows the smoker and base reference mortality curves for the stage IA demographic, along with the observed mortality rates for stage IA and IIIA patients from Figure 1 . The gap in mortality between stages of cancer at initial durations dwarfs the difference in mortality between reference mortalities and actual all-cause IA mortality. The smoker and reference mortality rates are certainly lower than the observed mortality of the cancer cohorts, but appear close to those of early stage lung cancers. Showing reference and smoker mortality in this way helps emphasize the proximity of the Figure 1 by race. While blacks have higher aggregate all-cause mortality rates as well as mortality loads than whites, Figure 2 highlights that stage is the relatively dominant factor in mortality.
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underlying population all-cause mortality. The all-cause smoker mortality curve is a useful comparison as about 87% of lung cancer deaths are attributable to smoking.
20 Figure 5 shows mortality ratios by stage and years since diagnosis. These are, in effect, the result of dividing the actual mortality rates in Figure 1 by the references rates in Figure 3 . The mortality ratios decline as the duration increases, which presumably reflects cure rates and recovery from treatment. The 90% CIs shown around the mortality ratios reflect a normal approximation to the binomial distribution for mortality rates. The high ratios for the beginning durations of the later stages reflect the very high annual mortality rates for these cancers. The number of years required to obtain 90% of our data's total exposure-years, which is a measure of sample size by duration, is also shown; later stages have greater percentages of life-years in the first couple of years, indicating higher mortality in those stages. We applied the techniques described and the seriatim database of SEER survival and reference mortality to estimate the annual lives saved if Americans diagnosed with late stage lung cancers (IIIA, IIIB and IV) were, instead, diagnosed earlier with stage IA cancer and treated. This is not, of course, a complete or realistic analysis of screening, but it illustrates the power of the actuarial techniques to address important issues relevant to potential screening protocols.
With assumptions described in Tables 3 and 4 , we found that in 2007, about 160,000 Americans were diagnosed with late stage lung cancer; by 2012 all but 8600 will be dead (Table 4) 
FIG. 4.
This figure juxtaposes higher all-cause mortality rates to various reference rates. It highlights that the stage is the biggest determinant of initial mortality. Stage IA's all-cause mortality rate is slightly higher than its reference rate and is even higher than the reference rate adjusted to a smoker population, but it is still significantly less than the IIIA all-cause mortality rate.
( Table 5 ). Assumptions of a 50% increase in mortality ratio for early stage lung cancer (which implies a worse outcome than SEER data implies for treated early stage lung cancers) and a slower progression between early stage and late stage would still produce over 36,000 additional survivors by 2012 (see Table 5 sensitivity). We applied the actual and projected deaths developed by duration, or year, since diagnosis and modeled survivors for a study period of 5 years. Our baseline assumes a lead time of 1 year between stage IA and stages IIIA, IIIB, and 2 years between stages IA and IV. We projected the difference between those survivors in late stage and if they had been detected and treated at stage IA.
Other assumptions for lead time could easily be modeled in the same fashion, and we show the results for alternative lead time scenarios in Table 5 . We also show an approach to sensitivity testing of other biases in the bottom half of Table 4 .
We applied the incidence rates by stage from 2003 diagnoses in SEER, before our exclusions for those untreated or unstaged, to a 2007 national lung cancer incidences estimate of 213,380. 21 These incidence rates result in 75.5% of cases with known stages to be stage III or IV. Table 3 shows the development of our stage distribution among the patients we tracked in SEER. Our assumed distribution differs somewhat from the published SEER summary statistics' distribution, but our staging follows the AJCC 3 rd edition guidelines, while SEER's Cancer Statistics Review uses a different staging method in its publication and reflects diagnoses between 1996 and 2003. 22 Table 4 shows the results of our modeling the late stage treated population in SEER if their lung cancers had been detected at stage IA. We have extrapolated our findings to the US population for 2007. We first describe baseline data on the modeled cohorts, then display our baseline estimates, and also show a stress scenario, under which the observed early stage mortality ratios were increased by 50%. This ''stress'' scenario addresses possible length bias or pseudodisease. Our Table 5 shows similar baseline and stress scenarios that address alternative assumptions for lead-time bias.
Model results
Figures 6 and 7A-C show late stage survivors by duration, along with survivors for the same cohorts if their lung cancers had been detected at an earlier stage. These correspond to the baseline scenario in Table 4 and assume an earlier detection at stage IA.
Earlier diagnosis is not free from mortality risk, and Figure 6 illustrates the need to account for the lead time required for earlier diagnosis of late stage cancers. Figure 6 , which does not account for any lead time, compares survival of stage IV patients (late stage) to both their demographic counterparts' reference smoker survival rates and their counterparts' survival rates had they been diagnosed with stage IA cancer 
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(early stage). Figure 6 does not account for lead time-it assumes the impossible event that early stage diagnosis could occur at the same time that late stage diagnosis currently occurs. This approach overstates the mortality advantage of early detection as no prior mortality is assumed.
Figures 7A-7C correct this distortion by applying lead time to stages IIIA, IIIB, and IV, respectively. We have applied lead time assumptions to show the impact of mortality despite earlier detection. We assume 1 year of lead time for stages IIIA and IIIB and 2 years for stage IV. In each figure, the distance We found that over 75,000 lives of 2007-diagnosed lung cancer patients would be saved due to early detection of late stage (III and IV) cancer. This uses our baseline assumptions for lead time. Our sensitivity analysis shows a conservative estimate of over 46,000 lives saved with a 50% smaller difference in mortality ratios between the status quo and early detection. This is to account for possible pseudodisease and length bias. LS, last stage. This shows similar results but with expanded lead times. This is a more conservative scenario of lead time, but the extra survivors are still significant. LS, last stage.
between the late and early stage curves represents lives saved due to early detection assuming 100,000 cancer patients, and the distance between the early stage and reference smoker mortality curves represent lives lost relative to smoker mortality even with early detection. We back-modeled mortality of late stage cohorts to account for the theoretical deaths after early diagnosis.
Our modeled mortality for the 1 or 2 years of lead time in the late stage survival curve used the following assumptions: 75% weight to a smoker-adjusted reference population mortality, modified to reflect late stage demographics (ie, an older, more male population than the US average) 25% weight to earlier stage actual mortality
The first piece blends smoker and nonsmoker mortality rates to reflect the National Cancer Institute's estimate that 87% of lung cancer deaths are attributable to smoking. 23 The smoker load was based on implications from CDC-reported smokingrelated deaths, 23, 24 and was measured at 2.05 times reference mortality for an adult population. This developed smoker load was benchmarked against implications from National Center for Health Statistics data on smoking mortality. 18 In scenarios with 2 years' lead time, the second piece of our modeled mortality uses stage IA SEER mortality for the first year (time ¼ À1 on the x-axis) and IB mortality for the year immediately before late stage diagnosis (time ¼ 0). For scenarios with higher lead time assumptions, we attributed the first half of the lead time to IA mortality and the second half to IB mortality. We also used an aging decrement, based on standard mortality average rates of change around late stage lung cancer average ages, to adjust the age of the cohort back to their age when the cancer was early staged. We used a similar method to roll back the ages of the early stage cohort. Finally, we shifted survivorship with early detection to reflect higher mortality ratios experienced at younger ages, since lead time will bring down the age at early stage diagnosis of the closed cohort.
Our baseline model assumes that late stage people would respond like SEER's stage IA people if their cancers were detected at stage IA. Some may argue that earlier detection of patients currently diagnosed with late stage cancer would yield higher mortality than the current IA cohort. Our stress scenario attempts to address this by increasing the IA mortality rate by 50%. We show the model results for other lead time assumptions in Table 5 .
Discussion
Lung cancer is a disease for which improved outcomes have been modest. There is considerable interest in early detection approaches but there are formidable analytical challenges to reliably determining outcomes. We have used actuarial techniques to examine issues of potential benefit for lung cancer screening as an example of the potential utility of this analytical approach.
Use of mortality ratios to test biases associated with screening Table 6 shows how mortality ratios can be used to test assumptions about pseudodisease, length bias, and very aggressive cancers. The percentages show the portion of patients in our early stage cohort with various combinations of ''biases'' needed to produce the higher mortality reflected in our stress scenario. For pseudodisease, we assumed a mortality ratio of 1.0 (standard population). For length-biased people, we assumed the observed mortality ratio of stage IA at duration 10. To model people with aggressive cancer, we assigned a mortality ratio of stage IIIA people. There are, of course, an infinite number of possible combinations of the 3 factors that produce the 50% higher mortality.
Pseudodisease is probably not an issue with SEER, as the cases are confirmed. Scenario A in Table 6 shows that, assuming no pseudodisease, it would take a combination of 68% slow growing and 32% advanced stage (IIIA) mortality to produce our stress scenario.
Our source data with all-cause mortality in this article seems to enter the controversy over use of all-cause mortality as a clinical trial end point for screening, which has been termed ''hopelessly inefficient.'' 25 Indeed this article's use of all-cause mortality applies to both principal data sources: SEER data and normative population mortality. However, we use these data to make inferences about stage and mortality, with possible public health applications rather than inferences about clinical trial data. Perhaps some of the 42 GOLDBERG ET AL.
findings in Table 1 and Table 2 would be difficult to obtain in the context of a randomized controlled trial-for example, that the extra mortality burden associated with lung cancer diagnosis is higher for blacks than whites for both sexes, for both non-small cell and small cell cancers, and that the discrepancy appears to be driven by racial differences in stage distribution. In this regard, actuarial approaches would complement the information derived from randomized screening trial sources.
The mortality ratios found in Table 2 stand as a proxy for the derived extra burden associated with lung cancer, its treatment, and its side effects. These ratios are the all-cause mortality rates found in Figure 1 divided by the reference population mortality rates in Figure 3 . The strikingly consistent progression of these mortality ratios by stage demonstrates the success of staging as a meaningful measure for all-cause mortality. Higher stage is profoundly associated with higher all-cause mortality-stage has real meaning for society beyond arbitrary definitions based on tumor size. Similarly, earlier stage is profoundly associated with lower mortality. Applying this knowledge to screening will require additional research to explore the potential of sojourn time improvement through screening 9 and resolution of critical issues related to overdiagnosis likely associated with earlier stages. 26 While the limitations of population data to determine causality among risk factors are recognized, the large, credible population sizes and years of follow-up available through SEER data and mortality tables dwarf those available through randomized controlled trials. Of course, for population data to yield useful comparative information, they should be appropriately normalized, as our methodology does when we compare stages and other factors.
An important caveat, however, is that the reader should consider whether therapeutic changes since the time period of the population data or local practice patterns different from the SEER sites affect the applicability of this work.
The insurance industry relies on actuarial techniques to recognize and manage the risk associated with individuals' differing mortality risks and to maintain life insurance company solvency in highly competitive markets. Actuarial techniques originated over a century ago and often involve establishing mortality ratios-relationships between a subpopulation's mortality rates and reference mortality rates. Not surprisingly, underwriters of life insurance policies focus on mortality rather than survival, and mostly on all-cause mortality. This perhaps corresponds well to patients' interests, as cancer patients may not appreciate distinctions between death from cancer, from treatment side effects, or from something else.
We note that our approach may gain relevance given the recent interest in measuring the ''cure of cancer'' using cure models as an improvement over traditional survival analysis of registry data. 27 These models define cured patient populations as those having the same mortality as the rest of the population after adjustment for age and sex. In this sense, the convergence of the mortality ratio of survivors close to 1.0 shown in Figures 1 and 2 represent cured patients. We note that the curves in Figures 6 and 7A-7C do not converge. However, these figures show the number of survivors by year, not the annual mortality rates. The higher number of survivors for early stage lung cancer reflects the dismal survival of patients with late stage lung cancer. The lower number of survivors for early stage lung cancer than for smokers reflects the higher initial mortality rates for early stage lung cancer than for smokers. However, the smoker and early stage curves appear to become close to parallel (have similar declining slopes), which indicates that the mortality rates of these 2 populations converge.
The stage differences in mortality ratios apparent in Table  2 suggest the value of mortality as a measurable outcome in cancer-related population health management programs. The mortality ratio approach may constitute an informative measure of important parameters such as disparities and progress in treatment, diagnosis, and prevention. This approach has recently been applied to differences in cancer outcomes of European countries.
28 Table 2 identifies important differences between men and women and between patients who are classified as white, black, or other races; similar analysis has demonstrated treatment and survival differences for Hispanics and whites for early stage lung cancer. 29 Large population health management programs that incorporate cancer screening can use mortality ratios as an outcomes measure, and geographic differences in mortality ratios should reflect geographic differences in screening, treatment, and prevention. In addition, we propose actuarial modeling as a pragmatic tool to evaluate new management approaches such as with lung cancer screening programs and other new clinical management approaches.
Population health management programs have had to address a number of methodological issues including regression to the mean, differential disease=nondisease trends, and selection bias. Most current programs focus on noncancer chronic conditions such as congestive heart failure, chronic obstructive pulmonary disease, diabetes, coronary artery disease, and asthma. As these programs expand to address cancer and cancer screening, they will face additional controversies, including lead-time bias, pseudodisease, and pseudodiagnosis. As described above, the actuarial application, by virtue of its validation with vast numbers of cases as shown in Figures 6 and 7A-7C , can help address these complex issues.
Many actuarial techniques reference underlying benchmark data developed from very large data sets. 30 We use that approach here by comparing lung cancer mortality rates to expected general population mortality rates, which are considered normative. 13 This allows comparing the actual mortality rates of individuals in the SEER lung cancer records 12 to reference mortality rates adjusted for individuals' age, sex, and race. Using reference data in this way avoids the difficulty of matching individuals to controls with the same age, sex, and race. It also avoids the noise of statistical fluctuations, at least from the normative data used in place of controls. The actuarial techniques we use in this paper produce comparisons of subpopulations from the large SEER data set, and these techniques can avoid some of the weaknesses reported for observational studies. 31 The authors hope our application of these techniques will shed new light on how the mortality of patients with lung cancer varies with stage at diagnosis, histology, age, sex, and other factors, and how that mortality varies from standard mortality rates adjusted for age, sex, race, and year of death. These are 3 scenarios of the prevalence of biases apart from lead time that result in a mortality ratio increase of 50%, which is our assumption in the sensitivity analysis found in Tables 4 and 5 . We believe it unlikely for such a high portion of patients in the SEER database to be attributable to pseudodisease or slow-growing cancers (length bias).
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Similar approaches can be used when mortality is an important outcome. Mortality rates are very high in this example and in a similar study of hospice. 33 However, comparisons to standard population mortality tables can also be useful when expected death rates are low and volatility in the control arm may overwhelm comparisons. Using a population mortality table based on the experience of millions of lives offers the potential to remove variability from the control side to an extent that would require an impractically large control group. This approach may be of value when evaluating a technology across time intervals, such as different generations of spiral CT scanners or other analytical instrumentation that are heavily dependent on computational speed. 34 These technologies can experience rapid technical evolution that outstrips the time required to conduct a formal randomized comparison. Further, actuarial approaches may also provide a useful approach for those situations in which it is unethical to construct a control group.
The potential impact of population health management on mortality would seem to be a fruitful area for the mortality ratio approach. In particular, it is sometimes unclear how to compare efforts aimed at preventing versus better managing cases. The federal Medicare program could gain important insight on prioritizing prevention=intervention efforts among other major chronic diseases (eg, chronic obstructive pulmonary disease, congestive heart failure, diabetes) by examining mortality ratios by age for newly diagnosed cases and existing cases.
Familiarity with actuarial techniques and terminology may help medical researchers better influence health care decision makers. The vast majority of medical spending flows through private or social insurance programs, and the financial and administrative leadership of these programs more often speak in actuarial terms than academic ones.
Conclusion
Life insurance actuarial techniques, applied to SEER data, offer a useful tool to create descriptive statistics about allcause survival relative to normal population mortality patterns. These techniques also provide a convenient approach to modeling the impact of issues critically important to the evaluation of detection approaches that may identify cancers at earlier stages. These techniques also provide reference mortality rates that may help physicians, patients, and payers better understand cancer patients' mortality risks.
This article illustrates how life insurance actuarial techniques can be used to compare early stage and late stage lung cancer mortality. Other actuarial techniques, typically used in health insurance and managed care, can be applied to investigate the cost issues surrounding early lung cancer management.
